Background: Detecting protein complexes in protein-protein interaction (PPI) networks plays an important role in improving our understanding of the dynamic of cellular organisation. However, protein interaction data generated by high-throughput experiments such as yeast-two-hybrid (Y2H) and tandem affinity-purification/massspectrometry (TAP-MS) are characterised by the presence of a significant number of false positives and false negatives. In recent years there has been a growing trend to incorporate diverse domain knowledge to support large-scale analysis of PPI networks. Methods: This paper presents a new algorithm, by incorporating Gene Ontology (GO) based semantic similarities, to detect protein complexes from PPI networks generated by TAP-MS. By taking co-complex relations in TAP-MS data into account, TAP-MS PPI networks are modelled as bipartite graph, where bait proteins consist of one set of nodes and prey proteins are on the other. Similarities between pairs of bait proteins are computed by considering both the topological features and GO-driven semantic similarities. Bait proteins are then grouped in to sets of clusters based on their pair-wise similarities to produce a set of 'seed' clusters. An expansion process is applied to each 'seed' cluster to recruit prey proteins which are significantly associated with the same set of bait proteins. Thus, completely identified protein complexes are then obtained. Results: The proposed algorithm has been applied to real TAP-MS PPI networks. Fifteen quality measures have been employed to evaluate the quality of generated protein complexes. Experimental results show that the proposed algorithm has greatly improved the accuracy of identifying complexes and outperformed several stateof-the-art clustering algorithms. Moreover, by incorporating semantic similarity, the proposed algorithm is more robust to noises in the networks.
Background
Protein complexes, in which multiple proteins physically interact with each other, are essential to organization and functions of cellular machines [1, 2] . As the advance of experimental and computational technologies, an immense amount of protein-protein interactions (PPIs) have been detected [3] [4] [5] [6] [7] [8] , which can be represented as in the form of networks. Thus, the accurate identification of protein complexes from such large-scale networks of PPIs becomes a challenge.
Yeast-two-hybrid (Y2H) and tandem affinity-purification/ mass-spectrometry (TAP-MS) are two types of highthroughput experimental techniques which have been widely applied to detect PPIs. Y2H identifies physically pair-wise PPIs [3, 4] while TAP-MS detects co-complex relations of complexes by purifying proteins (called prey) that are associated with tagged proteins (called bait) [5, 6, 8] .
A network of PPIs is generally represented as an undirected simple graph where proteins correspond to nodes and pair-wise interactions correspond to edges. Graph-based clustering algorithms are an effective approach to identify protein complexes. In 2000, Markov Clustering Algorithm (MCL) [9] was proposed for identifying complexes from protein interaction networks by simulating random walks on the graph. During the clustering process, an inflation parameter is applied to enhance the contrast between regions of dense and sparse connections in the graph. The process converges towards a partition of the graph, with a set of sub-graphs of high density. In 2003, Bader and Hogue [10] represented PPI networks using their proposed 'Spoke' model and the 'Matrix' model, and applied the Molecular Complex Detection (MCODE) algorithm to detecting protein complexes from the two models. MCODE identifies sets of nodes in which are highly connected, based on the density of neighbours of nodes in the network. In 2006, Brohée and Helden [11] carried out an evaluation on the performance of four clustering algorithms in detecting protein complexes, including MCL and MCODE. Evaluation results showed that comparing to other algorithms, MCL demonstrated its robustness in the context of adding noises to the graph. In 2006, CFinder [12] was proposed to detect overlapping clusters. It explores clusters which are composed of numbers of k-cliques where two adjacent k-cliques share k-1 nodes. Later, a random walk based clustering algorithm, Repeated Random Walks (RRW) [13] , was proposed to identify overlapping protein complexes in PPI networks and experimental results demonstrated that RRW obtained clusters with higher precision than MCL [12] . A novel core-attachment based algorithm, COACH, was proposed in 2009 [14] . COACH detects protein complexes with highly-dense structure and explores the "core-attachment" organization inside protein complexes. Experimental results [14] showed that COACH achieved better performance than several existing clustering algorithms.
The algorithms introduced above treat PPIs from TAP-MS data as binary. In recent years, several researchers take advantage of non-binary nature of TAP-MS data, the co-complex relations between bait proteins and prey proteins, to identify protein complexes. In 2005, Scholtens et al. [15] modelled TAP-MS data as a directed graph where edges link from bait proteins to prey proteins, and then applied Local Modelling algorithm [15] to this directed network to search for dense sub-networks in which all pairs of proteins should be connected. Results showed that predicted complexes from the Local Modelling algorithm mapped well to curated protein complexes. Another example of detecting protein complexes by building a non-binary model for TAP-MS data is a novel algorithm called CODEC [16] proposed in 2011. CODEC constructs a bipartite graph to represent TAP-MS data, where one set consisting only of bait proteins while the other set consisting of prey proteins. Edges only link nodes in the two opposite sets. CODEC identifies dense bipartite sub-graphs. Experimental results [16] showed the CODEC outperformed other algorithms with higher precision. In 2012, a new bipartite graph based clustering algorithm (BGCA) was developed to identify protein complexes from TAP-MS PPI networks [17] . Experimental results demonstrated that, the BGCA algorithm achieved significant improvement in identifying protein complexes from TAP-MS data. Greater precision and better accuracy have been achieved and the identified complexes were demonstrated to match well with existing curated protein complexes.
Algorithms introduced above have been developed based on topological features of PPI networks. However, due to experimental limitations, there exist false positives and false negatives in PPIs. Besides physically interacting pair-wise relationships between proteins, semantic similarity describes another type of relationship between pairs of proteins by measuring closeness between the two proteins which is based on estimates of ontologybased functional similarity [18, 19] . The Gene Ontology (GO) [20] is the main focus of investigation of semantic similarity in molecular biology [18] . Many measures [19, [21] [22] [23] for computing semantic similarities have been proposed by using annotations from the three GO hierarchies [20] -Molecular Function (MF), Biological Process (BP), and Cellular Component (CC). It has been confirmed that GO-driven similarity among genes is a relevant indicator of functional interaction in the investigation of assessment and evaluation of semantic similarity [18] . Results in the study [24] also demonstrated that there is a significant correlation between the semantic similarity of pair-wise proteins and their cocomplex membership. It is showed that semantic similarity assists validating the results which are obtained from biomedical studies, such as gene clustering and gene expression data analysis [19] . Therefore, in the paper, it is assumed that incorporating semantic similarity into clustering process can improve the accuracy of identifying protein complexes.
Cai et. al [17] demonstrated that good performance of BGCA in detection of protein complexes in TAP-MS PPI network. BGCA identifies protein complexes relying on topological similarity between pairs of bait proteins which is calculated based on the number of commonly shared prey proteins. This paper proposes a new algorithm, which is extended from BGCA, to detect protein complexes from TAP-MS data by integrating semantic similarity. Similarity between pairs of bait proteins is obtained by combining topology-based similarity and GO-driven semantic similarity. An agglomerate hierarchical clustering approach is applied to group bait proteins in to clusters which demonstrate greater similarity among proteins in the same cluster than in different cluster. Thus, a set of 'seed' clusters composed of bait proteins is produced. Starting from these 'seed' clusters, a greedily expansion process is developed to recruit prey proteins which are significantly associated with the same set of bait proteins. After expanding from each seed cluster, a final set of protein complexes is outputted. Experimental results demonstrate that, by integrating semantic similarity, not only the accuracy of detection of proteins complexes has been improved, but also the robustness of the algorithm. This paper is an extension from the conference paper [25] . Based on the paper [25] , this paper employs more statistical measures to evaluate quality of clustering results of the proposed method. Moreover, the statistical significance of the clustering results of the proposed algorithm is examined by investigating the estimates of random expectation of correct grouping by randomising predicted complexes sets, and the robustness of the proposed algorithm is also investigated.
The organization of the paper is shown as below. We first introduce the methodology of our proposed algorithm followed the presentation and discussion of experimental results. The propose algorithm is applied to two real world TAP-MS PPI networks. Several statistical metrics are employed to assess the quality of clustering. Statistical significance of clustering results and the robustness of the proposed algorithm to the false negatives and false positives are also evaluated. Finally, the conclusion and future work is presented.
Methods
Our proposed algorithm is developed from BGCA, which was proposed to detect protein complexes by modelling TAP-MS PPI networks as bipartite graph [17] . The algorithm lies on the assumption that, as TAP-MS experiment directly detects complex membership by purifying prey proteins which are co-associated with tagged bait proteins [5, 6] , a protein complex is institutively composed of a set of bait proteins along with a set of prey proteins that are significantly associated with the same set of bait proteins. Therefore, the core idea in the proposed algorithm is firstly to detect seed clusters composed of bait proteins and then greedily expand from these seed clusters to obtain final clusters. We obtain 'seed' clusters by grouping bait proteins based on their similarities. In this paper, we incorporate GO-based semantic similarity with the topology-based similarity. The proposed algorithm has the same process as BGCA [17] , the difference lies in the calculation of pair-wise similarities of bait proteins, since the proposed algorithm uses the combined similarities to obtain seed clusters.
The pair-wise topological similarity among bait proteins is computed based on the number of commonly shared neighbours [17] , which is generalized from the notion of Jaccard Similarity Coefficient [26] .
a) Semantic similarity
The GO has three ontologies [20] , MF, BP and CC, MF refers to information on what a gene product does. BP is related to a biological objective to which a gene product contributes. CC refers to the cellular location of the gene product, including cellular structures and complexes. The reader can refer to [20] for more details. In the paper, we use BP semantic similarity as the first instance.
The basic idea to calculate similarity between gene products is to calculate similarities between all terms that are used to annotate gene products. 
Here, simValue falls between [0,1], representing the closeness between pairs of proteins based on information derived from GO BP annotations. The value of -1 indicates that at least one of the two proteins has no annotations found. IEA ("Inferred from electronic annotation") annotations were excluded in the calculation due to their lack of reliability. b) Combination of two similarities The topology-based similarity and the semantic similarity are combined together to generate new pair-wise similarity measures for bait proteins. A simple way was adopted to combine the two different similarities as first trial by calculating the arithmetic average of topologybased similarities and semantic similarities.
Hereby, a network composed of similarities between pair-wise bait proteins could be obtained accordingly.
In the set of clusters obtained from expansion process, there exist overlap clusters. A merging process is applied to obtain the final set of clusters [25] . This paper is an extension from the conference paper [25] , and details of BGCA algorithm can be referred to the study in [17] .
Results

Preparation of data
In the study, two TAP-MS PPI networks are used. One is the dataset published by Gavin et al. [6] with 1993 bait proteins, 2671 prey proteins and 19157 bait-prey relationships; the other is the dataset published by Krogan et al. [8] , which contains 2233 bait proteins, 5219 prey proteins and 40623 bait-prey relationships. There were 94 prey proteins which were suspected as nonspecific contaminants [8] , so they were excluded from the raw dataset used in Krogan et al. For convenience, the two datasets are named as Gavin_2006 and Krogan_2006 for short in this paper.
Two gold-standard datasets are employed in our experiments. One is obtained from the Munich database of Interacting Proteins (MIPS) [27] , and the other is the set of hand-curated complexes derived from the Wodak lab CYC2008 catalogue [28] . The MIPS data file used is dated 18 May 2006 [27] . The MIPS category 550 was removed since it was defined by computerised algorithms only but contains no curated protein complexes [27] . As a result, the gold-standard data of MIPS contains 220 curated complexes. As for CYC2008 catalogue, 408 protein complexes are included.
Evaluation strategy
In order to avoid biases in the evaluation of performance of proposed methods in the paper, the evaluation strategy is carefully designed and applied. The evaluation process in the paper is decided on the following: 1) A pre-process is applied on the gold-standard data and the set of predicted clusters. The similar pre-process was also adopted in several studies [16, 29] .
-For benchmark complexes in the gold-standard data, known complexes that contain proteins, all of which are not included in the network, are removed.
-For the set of candidate clusters, the clusters which have no overlaps with any benchmark complex are removed. 2) More than one quality measures are employed: precision/recall/FMeasure [29] , sensitivity/Positive Predictive Value (PPV)/geometric accuracy [11] , cluster-wise homogeneity/complex-wise homogeneity/geometric homogeneity [11] , BH-Sensitivity/BHSpecificity/BH-FMeasure [10] , and Jaccard FMeasure [29] . These quality measures calculate the degree of agreement between generated clusters obtained by clustering algorithms and well-studied protein complexes in a gold-standard set. The descriptions of these quality measures are provided in the section of quality measures. 3) Several typical clustering algorithms are employed to be compared with the proposed algorithm in this paper, including MCL [9, 30] , MCODE [10] , CFinder [12] , RRW [13] , COACH [14] , and CODEC [16] . For each algorithm, the clustering result to be evaluated was obtained by the optimal set of parameters. 4) The statistical significance of clustering results generated by the proposed algorithm is evaluated by computing quality scores of sets of randomly permutated complexes.
5) The robustness of the proposed algorithm to false positives and false negatives is evaluated by applying it to randomly altered networks.
Pre-process of gold-standard datasets
The gold-standard datasets adopted in the study are MIPS [27] and CYC2008 [28] . As introduced in evaluation strategy, the gold-standard datasets will be pre-processed before being used in the evaluation. According to different PPI networks, proteins in each gold-standard that are not contained in the corresponding network are removed, and then the singleton complexes are excluded as well. Table 1 presents the statistics of number of proteins, number of complexes and average size of complexes in the original gold-standard datasets as well as in the gold-standard datasets being pre-processed which are used in the experiments.
Selection of parameters
We select the parameters following a trial-and-error procedure. Unless indicated otherwise, the results reported in this paper were derived based on the following parameter settings: the hierarchical clustering was implemented with un-weighted average linkage and the cut-off values set to 0.3 and 0.25 for Gavin_2006 and Krogan_2006 networks, respectively. The overlapping rate is set to be 0.2.
In experiments, inflation of MCL is set as 3.0 in Gavin_2006 network and 2.0 in Krogan_2006 network respectively since results obtained accordingly are better comparing to other settings of inflation. For MCODE, on Gavin_2006, the depth equal is set to 100, node *Note the set of statistics under the "Original" header show the statistics of the original two gold-standard datasets before pre-processed; The set of statistics under the "On Gavin_2006 network" or " On Krogan_2006 network" header show the statistics of the two gold-standard datasets after being preprocessed on Gavin_2006 network or Krogan_2006 network, respectively.
score percentage as 0.2, Haircut is TURE, Fluff is FALSE and the percentage for complex fluffing as 0.2; while on Krogan_2006, node score percentage is set as 0.1, and other parameters remain the same as those applied in Gavin_2006 network. For CFinder, the results generated from k = 5 are employed since the results are better compared to other values of k based on quality measures. RRW has three parameters, restart probability, early cut-off and overlapping rate. The value of restart probability, early cut-off and overlapping rate are 0.6, 0.6, 0.2 for Gavin_2006 and 0.5, 0.7 and 0.2 for Krogan_2006, respectively. CODEC has two schemes, which are CODEC-w0 and CODEC-w1, and we compare our algorithm to both schemes of CODEC. We only use final predicted clusters from COACH, without considering its predicted core clusters.
Experimental results and discussion
In order to gauge the effect after incorporating the semantic similarity in clustering process, we firstly compare proposed algorithm against the BGCA [17] . Since we use BP semantic similarity as the first instance, therefore, for convenience, the proposed algorithm is referred as BGCA+BP from now on. Then, we evaluate the performance of the proposed algorithm against several existing clustering methods. In the paper [26] , it is presented that BGCA+BP performs better than BGCA in terms of six quality scores, such as sensitivity, PPV and geometric accuracy. In this paper, we use 9 more quality scores to further evaluate and compare the performance of BGCA+BP and BGCA.
A. The effect of incorporating semantic similarity on detecting protein complexes Without incorporating semantic similarity, the similarities computed for pair-wise bait proteins are solely based on their locally topological feature, that is, the number of shared neighbours. In Tables 2 and 3 , the evaluation results on predicted complexes generated by the BGCA and BGCA+BP from the Gavin_2006 and Krogan_2006 networks are presented.
In [26] , BGCA+BP demonstrated higher accuracy and homogeneity value than BGCA, which can also be seen in the Tables 2 and 3 . In terms of other 9 quality measures, it can be seen that the BGCA+BP also obtained better values. For example, in Table 2 , BGCA+BP achieves 20% increase in BH-FMeasure on Gavin_2006 network, while the BH-FMeasure value that BGCA+BP obtained is achieves one and a half time as much as that of BGCA. The similar observation can be obtained in Table 3 . The fact that BGCA+BP consistently achieves better scores according to the quality measures than BGCA indicates that, combination of topological similarity and semantic similarity can enhance the accuracy of predicting protein complexes. Table 4 presents some statistics, the number and the average size, of clusters generated by all algorithms on the two TAP-MS networks. On both networks, the COACH tends to generate clusters of the largest average size, while RRW has clusters of the smallest average size. The CODEC yields the largest number of clusters. Better measuring values are in bold.
B. Comparison to other clustering methods
• Analysis of experimental results on Gavin_2006 network Table 5 and Table 6 present quality scores of clustering results generated by different clustering algorithms from Gavin_2006 networks, compared with gold-standards of MIPS and CYC2008.
Based on figures in Table 5 , COACH has the highest sensitivity value. The proposed BGCA+BP algorithm achieves the best PPV, as well as best geometric accuracy. The sensitivity value indicates the average fraction of proteins inside a known complex, which is correctly grouped together in the generated clustering result. A large cluster size can artificially increase the sensitivity value, since a large cluster may contain proteins which belong to more than one complex. Small size of cluster may also increase PPV. The high sensitivity value, but low PPV value, of COACH indicates that the high sensitivity value results from large sized clusters generated by COACH. Meanwhile, the high PPV value but the poor sensitivity value of RRW demonstrates that very few benchmark complexes are uncovered in the results generated by RRW.
Apart from COACH and RRW, the scores of sensitivity and PPV obtained by the rest the algorithms are quite balanced. The BGCA and MCL have higher sensitivity than MCODE and CFinder, since more benchmark complexes are uncovered according to the number of matched complexes. The best geometric accuracy suggests that the BGCA+BP can achieve a much better performance as the value of the accuracy reflects the general performance of a clustering algorithm based on the estimation of the overall correspondence between the set of generated clusters and the set of gold-standard complexes. When compared with CYC2008 gold-standard, a similar observation can be obtained, as shown in Table 6 .
Homogeneity is the product of the fraction of members in a cluster found in an annotated complex by the fraction of members in the complex found in a cluster. High homogeneity indicates a bi-directional correspondence between a cluster and a complex. The maximal value of homogeneity is 1 when a cluster matches perfectly with a complex, which means that the cluster consists of all its members identified in the complex. As shown in Tables 5, and 6, the BGCA+BP achieves the best performance in terms of the geometric homogeneity value, which reflects the general agreement between identified clusters and benchmark complexes, as well as the quality of a clustering result as a whole. The precision value of a predicted cluster calculates the absolute fraction of proteins within a cluster which are also found in a benchmark complex. The clusteringwise precision value represents the average precision values over all clusters. RRW has the highest precision score, but again very poor recall value, therefore, the overall PR value for RRW is low, regardless which goldstandard datasets are used. On the other hand, COACH obtains the highest recall value but very low precision. Again, overall, the BGCA+BP achieves the best PR value.
Jaccard index measures the impact of overlapped sections on both predicted clusters and the corresponding benchmark complex, since it considers the proportion of overlap size in the union set of a predicted cluster and a benchmark complex. High Jaccard index suggests that the set of clustering results is very well matched to the set of benchmark complexes. The second best cluster-wise Jaccard index, the best complex-wise Jaccard index and also the best FMeasure obtained by the proposed method, suggest that the set of clustering results of the proposed method is better matched to the set of benchmark complexes included in all three gold-standards than other algorithms.
The BH-Sensitivity is used to measure the percentage of benchmark complexes recovered by generated clusters whose overlap score satisfies the given threshold. The BH-Specificity value measures fraction of generated clusters that match benchmark complexes. On Gavin_2006 network, observed from Tables 5 and 6 , compared with the two gold-standards separately, BGCA+BP obtains the highest value in BH-Specificity, while CODEC-w1 has the best BH-Sensitivity. However, when compared with MIPS gold-standard, BGCA+BP has best value in BH-FMeasure; while compared with CYC2008, CODEC-w1 achieves better BH-FMeasure. The reason may be due to the incompleteness of each gold-standard.
By achieving best value in most quality measures, it can be concluded that BGCA+BP outperforms other algorithms on Gavin_2006 network.
• Analysis of experimental results on Krogan_2006 network Tables 7 and 8 present the quality scores for clustering results produced from Krogan_2006 network.
Similar to results of Gavin_2006 network, the BGCA +BP achieves best value in most of overall quality measures, such as geometric accuracy, geometric homogeneity, PR value, and Jaccard FMmeasure. Again, as for BHFMeasure, BGCA+BP has best value when using MIPS as gold-standard, whereas CODEC-w1 is the best when comparing with CYC2008 gold-standard.
Though the BGCA+BP does not have all the best values, it still achieves most of them, which indicates that BGCA+BP outperforms other clustering algorithms in terms of the overall performance measurement.
C. Statistical significance of clustering results
This section investigates the estimates of random expectation of correct grouping by randomising predicted complexes sets. A set of predicted complexes from original networks are randomised by shuffling nodes between different complexes while keeping the number of complexes, and the sizes of corresponding complexes, unchanged. The resulting set of permuted clusters is then evaluated by quality measures using gold-standards. If quality scores of original set of generated clusters are close to those of the random set, it indicates that the corresponding clustering algorithm yields a set of predicted complexes which is not significantly better than a randomly generated set of complexes.
The process of creating permuted clusters is as follows. The original set of generated clusters was concatenated into a list of proteins. Then the Fisher-Yates shuffle [31, 32] was applied to the list of proteins. The procedure of shuffling was repeated 1,000 times, and then the list was divided into groups in a way that preserves the sizes of original complexes and the number of complexes. This grouping was then evaluated by each quality measure. Since the Fisher-Yates shuffle chooses any possible permutation of a list with equal probability, the resulting set of permuted clusters can be used to obtain an unbiased estimate for the expected value of any chosen quality score.
The permutation process was repeated 1,000 times, resulting in 1,000 clustering sets. Each clustering set was evaluated by those quality scores and the average score corresponding to each metric was calculated. The p-value is obtained by calculating the number of times that a randomised set of clustering results had a higher value in quality scores than that of the original clustering set, divided by the total number of permutations, Better measuring values are in bold.
which is 1,000 here. If p-value is less than 0.05, it indicates that the high performance achieved by the proposed algorithm is unlikely to occur by chance. In this study, we use the Bonferonni correction to counteract the problem of multiple comparisons [33] .
Without loss of generality, we only use one gold-standard dataset, CYC2008. Table 9 displays the expected values of BGCA+BP on Gavin_2006 network and Krogan_2006 network using CYC2008 gold-standard, respectively. The quality scores employed to measure the effect of randomised clusters include the fraction of matched complexes, geometric accuracy, geometric homogeneity, PR values, Jaccard FMeasure and BHFMeasure.
It can be observed that the average quality scores in case of Jaccard FMeasure and BH-FMeasure are close to zero. Though the values of geometric accuracy, geometric homogeneity, and PR value are higher, they are still very small, compared with those of the original set. Very low p-values indicate that the original set of clusters is significantly better than the randomised clustering sets.
D. Robustness of the proposed algorithm
In order to evaluate the robustness of the proposed algorithms to false positives and false negatives, various levels of alteration have been made by adding or deleting percentages of edges with respect to the number of edges in the original Gavin_2006 network. The strategy of altering graph in [11] is adopted in the study. Increasing fraction of edges (0%, 5%, 10%, 20%, 40%, 80%, 100%) are randomly added to the original graph. Similarly, increasing fraction of edges (0%, 5%, 10%, 20%, 40%, 80%) are randomly deleted from the original network. Specifically, the proportion of edges which are added or removed is obtained based on the number of edges in the original graph. Take the Gavin_2006 network as an example, 5% edges are equal to 964 edges (5% of 19,277 edges). In the experiment, the Network Analysis Tools (NeAT) [34] has been applied to alter the network. Note, in the alteration of graphs applied in the study, self-loops and duplicated edges are not allowed.
In order to demonstrate the advantage of incorporating semantic similarity, in the experiment, the performance of BGCA in the context of detecting protein complexes from randomly altered graphs is also presented. Geometric accuracy and BH-FMeasure were used to demonstrate the impact on clustering results of BGCA by introducing noises into the network. Figure 1 and Figure 2 present the impact on geometric accuracy and BH-FMeasure of the BGCA and BGCA+BP, when edges were randomly added.
Observation can be made from Figure 1 , as for BGCA +BP, the curve representing the geometric accuracy is smooth. The geometric accuracy increases slightly first since 5% edges were added, and the highest value is obtained when 40% edges were added. The geometric accuracy starts to decline when more than 40% edges were added. However, the change in geometric accuracy is still trivial even when 100% edges were added compared to that in the original graph. The curve represented that the BH-FMeasure fluctuates slightly in the interval when edges were added increasingly from 5% to 20%. The best value is obtained when 5% edges were added and then the BH-FMeasure drops and rises again when 20% edges were added. When more than 20% edges were added, the BH-FMeasure declines greatly but the curve becomes smooth after 80% and 100% edges were added. With regard to BGCA, the curve representing geometric accuracy of the BGCA drops drastically as 5% edges were randomly added to the original graph. When adding 40% edges, the value of geometric accuracy of the BGCA falls down to 0, since there are no generated clusters which match to any benchmark complexes. Similar observations can be obtained from Figure  2 . With semantic similarity, the BGCA+BP demonstrate much more robustnes than the BGCA in the case of randomly adding edges to the original graph. Figure 3 and Figure 4 present the impact on geometric accuracy and BH-FMeasure when randomly deleting edges from the original graph. The geometric accuracy of BGCA+BP is affected slightly until more than 40% edges were deleted from the original graph. The BHFMeasure also drops when removing 40% edges from Table 9 Expected values of evaluation results of randomised clustering of BGCA+BP on Gavin_2006 and Krogan_2006 networks using CYC2008 gold-standard.
Gavin_2006 Krogan_2006
Quality the original graph. The value of geometric accuracy and BH-FMeasure of the BGCA+BP only drops when more than 40% edges are removed. It shows that the BGCA +BP is also robust to edge deletion. As for BGCA, the trend of curves representing both geometric accuracy and BH-FMeasure is similar. The curves keep almost unchanged after a drop when the fraction of deleted edges is increased from 0% to 5%, demonstrating the BGCA is relatively robust in the case of edge deletion, compared with that of edge addition. From these observations, it can be concluded that by incorporating semantic similarity, the proposed algorithm is quite robust to the noises in PPI networks.
Conclusions
In this paper, we propose a new algorithm combining topological features and semantic similarities between proteins to discover protein complexes in TAP-MS PPI networks. The proposed algorithm is extended from a previously proposed algorithm, i.e. BGCA [17] . It has been tested on two published TAP-MS PPI networks, Gavin_2006 network and Krogan_2006 network. The proposed algorithm inherits the main feature of BGCA which is that it detects protein complexes by taking co-complex relations into account from TAP-MS data. Results indicate that by integrating GO-driven similarity knowledge into clustering process, the proposed algorithm outperforms BGCA as well as several stateof-art clustering techniques. Not only a higher accuracy has been achieved, the proposed algorithm also significantly improves the robustness of BGCA to the noise inherent in protein interaction data generated by TAP-MS.
In this paper, the strategy of combining topological similarity and semantic similarity in BGCA is developed by calculating the average value, in which the weights assigned to semantic similarity and topological similarity are the same. The behaviour of the algorithm by using other weighting schemes deserves further investigation. Moreover, incorporating other types similarity information, such as those derived from CC and MF ontologies [20] into the algorithm for further improvement will be considered as well.
Quality measures
This section introduces quality measures that have been used in the study. These quality measures calculate the degree of agreement between predicted clusters obtained by clustering algorithms and well-studied clusters in a reference set. In application to identify complexes in PPI networks, the reference set can be built from gold-standard databases, such as CYC2008 [28] and MIPS [27] . Generally, the value of these quality measures falls into the interval between 0 and 1. The higher the value, the better quality of clustering and better performance a clustering algorithm has.
Let C be the set of predicted clusters and M be the set of benchmark protein complexes. Let n be the number of clusters in C, and m be the number of complexes, then a n × m confusion matrix Z is constructed for comparison between predicted clusters and gold-standard complexes. The i th row corresponds to candidate cluster i while the j th column stands for benchmark complex j. The entry z ij represents size of intersection between i th row and j th column, which is the number of proteins which are identified as members in cluster i and also belongs to complex j as well. z i is the size of i th cluster while z j represents size of j th complex.
• Sensitivity, Positive Predictive Value (PPV), and Geometric Accuracy Geometric accuracy, which was proposed by Brohée and Helden [11] , measures degree of correspondence between the set of predicted clusters and the set of benchmark complexes. Geometric accuracy contains two other parameters, sensitivity and PPV.
Sensitivity is defined as the proportion of proteins of benchmark complex j which are identified in the predicted cluster i. The general sensitivity is obtained by the weighted average of maximal sensitivity of each complex over all complexes
PPV represents the maximal fraction of a predicted cluster i belongs to the same benchmark complex. It indicates the reliability with which predicted cluster i predicts that a protein belongs to its best-matching benchmark complex. m j=1 z ij is the marginal sum of the predicted cluster i.
Geometry accuracy is defined as the geometric mean of the product general sensitivity and PPV,
Accuracy reflects the trade-off between sensitivity and PPV. A high accuracy value requires a high performance for both measures. The higher the accuracy values the better quality of a clustering result.
• Homogeneity Homogeneity [35] , called separation by Brohée and Helden [11] , provides a measure of degree of bidirectional correspondence between a predicted cluster and a benchmark complex. It is the product of the fraction of proteins found in a cluster by the fraction of proteins annotated in the complex, relative to the marginal sum of the row or the column.
The cluster-wise homogeneity hM cl i is defined to represent the frequency of distribution of proteins detected as members in the same cluster i over annotated complexes. The cluster-wise homogeneity hM cl i calculates the sum of the homogeneity value for a cluster i,
Similarly, Complex-wise homogeneity hM co j shows the frequency of the fraction of proteins in a same benchmark complex j over all the predicted clusters. The complex-wise homogeneity hM co j is calculated as the sum of homogeneity value for a benchmark complex, that is,
To measure the general cluster-wise homogeneity hM cl and complex-wise homogeneity hM co , the average values of hM cl i and hM co j over all predicted clusters and benchmark complexes are calculated, respectively.
To estimate general homogeneity over a clustering, the general homogeneity hM is defined as the geometric mean of the product of general cluster-wise homogeneity and complex-wise homogeneity.
Homogeneity reflects relative ratio of distribution of overlapping intersections between annotated complexes and generated clusters. When proteins are allowed to be assigned to multiple clusters, the value cluster-wise homogeneity will be lower and thus the general homogeneity value will be lower.
• Precision, Recall and PR-value In a clustering task, the precision is defined as the fraction of True Positives (TPs) which are correctly labelled items in the predicted class, and recall is the fraction of TPs in a reference class [29] . In the context of detection of protein complexes in PPI networks, precision of cluster i is the number of TPs divided by the size of this cluster while recall of complex j is the number of TPs divided by the size of the benchmark complex [29] . Here, TPs are proteins found in the predicted cluster and also annotated in the benchmark complex [29] . The number of TPs between cluster i and complex j is equal to the size of intersection in the confusion table defined as above. Thus, precision Pr ij and recall Re ij of cluster i and complex j are computed as follows:
Re ij = z ij z j (12) where z i and z j represents size of predicted cluster i and size of benchmark complex j, respectively. The maximal precision value for cluster i over all benchmark complexes is used as precision of the predicted cluster i.
The recall for the benchmark complex j is defined as:
Re co j = max n i Re ij (14) Recall reveals how well a benchmark complex is covered by the corresponding cluster. Precision here is obtained by dividing the size of the local cluster, measuring percentage of TPs in the local cluster.
A general precision is obtained by calculating the weighted average of precision over all predicted clusters. (16) PR value is the harmonic mean of precision and recall, used to reflect the degree of TPs predicted in a clustering as well as general correspondence between predicted clusters and benchmark complexes.
PR value = 2 × precision × recall precision + recall (17)
• BH-Sensitivity and BH-specificity A different definition of sensitivity from the one which was proposed by Brohée and Helden [11] was used by Bader and Hogue [10] . In order to differentiate the sensitivity used by Broheé and Helden [11] , the sensitivity and specificity introduced in this section are referred as BH-Sensitivity and BH-Specificity, where BH is the initials of the authors, Bader and Hogue [10] . In the set of predicted clusters, the numbers of TPs, True Negatives (TN), FPs and FNs depend on how threshold is selected relative to sets of gold-standard complexes. An overlap score w was proposed to measure how significantly a predicted cluster matches a benchmark complex by Bader and Hogue in 2003 [10] .
Where z ij represents the number of overlapping proteins between the predicted cluster i and the benchmark complex j, z i is the size of predicted cluster i and z j is the size of the benchmark complex j.
The number of TP is defined as the number of predicted clusters with w over a threshold value and the number of FP is the total number of predicted clusters minus TP. The number of FN is defined as the number of benchmark complexes that are not matched by predicted clusters, while the number of TN is the number of benchmark complexes that are matched by predicted clusters with w over a threshold value. The formula used to calculate sensitivity and specificity are presented below:
BH − Specificity = TP TP + FP (20) In this study, the threshold value of w is set to 0.2. The f-measure value of BH-sensitivity and BH-specificity is also employed to measure the overall performance of a clustering algorithm. 
• Jaccard index Extended from Jaccard similarity measure [26] , Jaccard index calculates the fraction of intersection between a predicted cluster and a benchmark complex over the union set of the cluster and benchmark complex [29] .
In order to measure how well the group of predicted clusters map to benchmark complexes, for each cluster i, the benchmark complex j that maximises overlap between itself and the cluster i is found, that is,
z ij z i ∪ z j (22) Where z i ∪ z j represents the size of the union set of predicted cluster i and benchmark complex j. Then, a weight average of cluster-wise Jaccard index is calculated over all predicted clusters, that is, (23) Similarly, as to measure how well a set of benchmark complexes correspond to the set of predicted clusters, a complex-wise Jaccard index is calculated. First, for each benchmark complex j, a maximum Jaccard index is obtained by
Then, the complex-wise Jaccard index over the set of benchmark complexes is calculated, Jac co = m j=1 z j · Jac co j m j=1 z j (25) Finally, the general Jaccard index is defined as the harmonic mean of Jac cl and Jac co , that is: Jaccard Fmeasure = 2 × Jac cl × Jac co Jac cl + Jac co (26) Jaccard measure reflects the degree of bi-directional correspondence between the set of predicted clusters and the group of benchmark complexes. Higher Jaccard measure value indicates that predicted clusters very well match to the group of benchmark complexes and vice versa.
